To estimate the overdispersion parameter of our dataset, we need to determine an initial null distribution. Some tools (1-3) used all investigated regions to represent the null distribution. However, the investigated regions are a mixture of ASB events and non-ASB events. Including potential allele-specific binding events in the null distribution could overestimate the dispersion parameter. In the following process, we used the properties of non-ASB events with FDR > 0.05 (binomial test) to represent the null distribution.
where is mapping bias towards the favored allele, and is the dispersion parameter. The Beta-Binomial distribution is as following: (2) Where a and b are called shape parameter, and B is the Beta function.
In equation (1) , the two shape parameters were set to detect mapping bias from the read simulation. We used the maximum likelihood approach to estimate the overdispersion parameter γ across the null distribution set for each TF ChIP-Seq experiment. The probability of ASB event was calculated as the complementary event of non-ASB given by the beta-binomial test.
The overdispersion of allelic imbalance is significantly less in null distribution than in non-ASB events
The binomial test has been widely used to call ASB events (4) (5) (6) . However, recent studies report the variance of allelic imbalance to be larger than expected in a binomial distribution across all heterozygous sites (1) (2) (3) 7) . This is what we refer to as the "overdispersion" problem. The beta-binomial distribution has been introduced to correct for overdispersion in ASB calling, under the assumption that most allelic sites are balanced or follow the null distribution (2, 8) . However, the potential for biological contributions to the overdispersion has not been fully investigated.
We attempted to assess to what extent overdispersion might be due to biological reasons, such as small TF binding alterations caused by motif alteration. We divided the non-ASB events with FDR > 0.05 (binomial test) into two classes: (1) TFBS alteration group, for which variants were found within the best predicted TFBS of the peak and exhibited motif score changes of at least 0.02; and (2) the remaining non-ASB events. We fit the distributions using beta-binomial, estimating the dispersion parameters of the two classes for each investigated TF. We found that the dispersion parameters were significantly higher in the TFBS alteration group than in the rest non-ASB events (Wilcoxon test, p-value=1.43e-06, Figure  S8 ). Our results suggest that the observed overdispersion is at least in part due to mild TF binding alterations.
Replicate normalization method produces highly similar sets of ASB calls
In this manuscript, we used a direct sum approach in which we summed the read counts of each allele across the replicates, and then applied the binomial test on the derived sum of each allele. We also implemented a normalized approach regarding multiple replicates and compared the ASB calling between the two (direct sum and normalized). In the normalization approach, the read coverage at heterozygous positions is normalized between replicates following the scale factor-based procedures used in DEseq (9) . The normalized count of each site is the original count divided by the scale factor. The normalized count values are thereafter processed using the same procedure as in direct sum approach.
The normalized approach resulted in 10,121 called ASB events, while direct-sum approach called 10,711. Overall, 9,511 ASB events were called by both approaches, and on average, 92% of the called ASB events using the normalized approach overlapped with those called with the direct-sum approach across investigated TFs. While a few datasets showed greater difference, as shown in Figure S8 , most samples were clustered in the lower right corner reflecting high similarity between the results.
As one would expect, we observed that the overlap ratio was anti-correlated with the scale factor of the larger replicate (Spearman correlation coefficient = -0.64; Figure S8 ), showing a large replicate library difference in depth (large scale factor) correlated with greater divergence in ASB calling between the two approaches. However, the impact was modest, as there was still 85-95% overlap for the larger scale factor cases.
We explored the differences between methods, which confirmed our expectation that the normalized approach penalized those cases in which one replicate was strikingly lower than the other in terms of counts. This can be observed in Figure S9 , in which we show the read coverage for the method-specific ASB calls for a TF experiment with high scale factor.
Direct sum approach is used considering the characteristics of the data
It is useful to recognize two key aspects of the ENCODE data prior to reviewing the findings. For the vast majority of TFs there are only two replicates (n=41), with only a few having three replicates (n=4). The second is a difference between standard RNA-Seq and ASB identification in ChIP-Seq. In standard RNASeq (as most published methods address), each sample are prepared and processed separately. For ASB detection in ChIP-Seq, two alleles are naturally controlled within the same single sample. These two aspects inform our decision about the selection of the ASB calling method.
Based on our perspective, with only two replicates for the vast majority of cases, we prefer to use the direct-sum approach. This reflects our view that the high coverage positions in a single ChIP-Seq replicate are well controlled (two alleles coming from the same nuclei). We believe that replicate normalization will be an important issue and should be deeply considered in future ASB analysis (particularly when greater replicate numbers are available).
The sequence based classifier produces consistent predictions for lymphoblastoid cells across multiple individuals
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